Abstract: Due to the increment in hand motion types, electromyography (EMG) features are increasingly required for accurate EMG signals classification. However, increasing in the number of EMG features not only degrades classification performance, but also increases the complexity of the classifier. Feature selection is an effective process for eliminating redundant and irrelevant features. In this paper, we propose a new personal best (Pbest) guide binary particle swarm optimization (PBPSO) to solve the feature selection problem for EMG signal classification. First, the discrete wavelet transform (DWT) decomposes the signal into multiresolution coefficients. The features are then extracted from each coefficient to form the feature vector. After which pbest-guide binary particle swarm optimization (PBPSO) is used to evaluate the most informative features from the original feature set. In order to measure the effectiveness of PBPSO, binary particle swarm optimization (BPSO), genetic algorithm (GA), modified binary tree growth algorithm (MBTGA), and binary differential evolution (BDE) were used for performance comparison. Our experimental results show the superiority of PBPSO over other methods, especially in feature reduction; where it can reduce more than 90% of features while keeping a very high classification accuracy. Hence, PBPSO is more appropriate for application in clinical and rehabilitation applications.
Introduction
Recently, electromyography (EMG) has received attention from biomedical researchers due to its potential in EMG pattern recognition. Surface EMG is a non-invasive method that records the bioelectric signal generated by muscle activation. Current technologies have allowed the use of EMG pattern recognition to a broad range of applications such as man-machine interface, robot assisted rehabilitation device, and myoelectric prosthetic [1] . However, EMG signals are non-linear and non-stationary due to their complex nature. In addition, EMG signals are easily interrupted by noise and motion artifact [2] . Due to an increment in motion types, training and control strategies are becoming difficult and complex [3] . Therefore, several processes are required for accurate EMG signals classification.
The EMG pattern recognition consists of four parts; signal processing, feature extraction, feature selection, and classification. Signal processing aims to obtain more signal information by applying signal filtering and transformation. Feature extraction highlights meaningful structures, which are hidden in the data stream. Feature selection attempts to select the best combination of relevant features for dimensionality reduction. Finally, classifier, which maps the selected features to
In this paper, a new Pbest-guide binary particle swarm optimization (PBPSO) is proposed to tackle the feature selection problem in EMG signals classification. As mentioned in the previous paragraph, BPSO has the limitation of premature convergence. Therefore, we introduced a new pbest-guide strategy to enhance the performance of BPSO during feature selection. Unlike other BPSO variants, PBPSO aims to improve the personal best solution pbest, which allows the pbest to explore and look for better resolution. Thus, the particle can learn from high quality pbest in velocity and position updates. In other words, PBPSO has a very good diversity and it the ability to escape from the local optimum. Moreover, a dynamic crossover rate was used to balance exploration and exploitation in the evaluation process. The proposed method was tested using EMG data from 11 amputee subjects collected from the NinaPro database 3. To evaluate the effectiveness of the proposed method, BPSO, GA, MBTGA, and binary differential evolution (BDE) were used for performance comparison. The experimental results indicated that PBPSO was very good in feature selection, especially for dimensionality reduction.
The remainder of this paper is organized as follows: Section 2 describes the methods used during signal processing, feature extraction, and feature selection. The proposed PBPSO algorithm is also presented. Section 3 reports the experimental setting and results. Section 4 discusses the experimental results. Section 5 concludes the paper and suggests possible future work. Figure 1 demonstrates the flow chart for the proposed EMG pattern recognition system. In the initial step, DWT decomposes the EMG signal into multiresolution coefficients. Five popular features are then extracted from each DWT coefficient. Next, five feature selection methods including BPSO, BDE, GA, MBTGA, and PBPSO are utilized to evaluate the optimal feature subset. Finally, k-nearest neighbor (KNN) is employed to classify the selected features for the recognition of 17 hand motion types. pbest-guide strategy to enhance the performance of BPSO during feature selection. Unlike other BPSO variants, PBPSO aims to improve the personal best solution pbest, which allows the pbest to explore and look for better resolution. Thus, the particle can learn from high quality pbest in velocity and position updates. In other words, PBPSO has a very good diversity and it the ability to escape from the local optimum. Moreover, a dynamic crossover rate was used to balance exploration and exploitation in the evaluation process. The proposed method was tested using EMG data from 11 amputee subjects collected from the NinaPro database 3. To evaluate the effectiveness of the proposed method, BPSO, GA, MBTGA, and binary differential evolution (BDE) were used for performance comparison. The experimental results indicated that PBPSO was very good in feature selection, especially for dimensionality reduction. The remainder of this paper is organized as follows: Section 2 describes the methods used during signal processing, feature extraction, and feature selection. The proposed PBPSO algorithm is also presented. Section 3 reports the experimental setting and results. Section 4 discusses the experimental results. Section 5 concludes the paper and suggests possible future work. Figure 1 demonstrates the flow chart for the proposed EMG pattern recognition system. In the initial step, DWT decomposes the EMG signal into multiresolution coefficients. Five popular features are then extracted from each DWT coefficient. Next, five feature selection methods including BPSO, BDE, GA, MBTGA, and PBPSO are utilized to evaluate the optimal feature subset. Finally, k-nearest neighbor (KNN) is employed to classify the selected features for the recognition of 17 hand motion types. 
Materials and Methods

EMG Data
For EMG data acquisition, surface EMG signals are collected from the public access Non-Invasive Adaptive Prosthetics (NinaPro) project (https://www.idiap.ch/project/ninapro). In this work, EMG signals of 17 hand motions (Exercise B) recorded from Database 3 (DB3) were used [22] . DB3 consisted of EMG data acquired from 11 amputee subjects. In the experiment, 12 surface EMG electrodes were implemented, and EMG signals were sampled at 2 k Hz. The subject was asked to perform each hand motion for 5 s, followed by a resting phase of 3 s. Each hand motion was repeated six times. It is worth noting that all the resting phases were removed.
DWT Based Feature Extraction
In EMG signal processing, Discrete Wavelet Transform (DWT) is the most frequently used. Like other time-frequency methods, DWT produces the signal in time-frequency representation, which 
EMG Data
DWT Based Feature Extraction
In EMG signal processing, Discrete Wavelet Transform (DWT) is the most frequently used. Like other time-frequency methods, DWT produces the signal in time-frequency representation, which provides time and frequency information simultaneously. In DWT decomposition, signal is decomposed into multiresolution coefficients using low and high pass filters. DWT coefficients consist of different frequency bands. Coefficients with higher frequency are called detail (D), which are better resolved in time. On the contrary, coefficients at lower frequency are named as approximation (A), which achieve better frequency resolution [23] . Mathematically, the first decomposition of DWT can be written as:
where Z low and Z high are the approximation and detail coefficients, respectively; x[k] is the input EMG signal; L is the length of signal; and h[.] and g [.] are the high pass and low pass filters, respectively. According to the literature, DWT at the fourth decomposition level can provide promising results regarding EMG pattern recognition [2] . Hence, DWT at the fourth decomposition level was employed in this work. Figure 2 illustrates the procedure of wavelet decomposition at the fourth decomposition level. Initially, the EMG signal is decomposed into A 1 and D 1 . At the second decomposition level, A 1 is further decomposed into A 2 and D 2 . In the process of decomposition, DWT halves the number of samples and doubles the frequency resolution [24] . The decomposition process is continued until the desired level is reached. For every decomposition level, the signal is sub-sampled by a factor of two. One of the major drawbacks of DWT is the mother wavelet selection. To achieve the optimal performance, eight commonly used mother wavelets including Bior2.2, Bior4.4, Coif4, Coif5, Db4, Db6, Sym4, and Sym6 were investigated. The experimental data showed that the best classification performance was achieved by Db6. For this reason, DWT with Db6 was applied in the rest of this work. decomposed into multiresolution coefficients using low and high pass filters. DWT coefficients consist of different frequency bands. Coefficients with higher frequency are called detail (D), which are better resolved in time. On the contrary, coefficients at lower frequency are named as approximation (A), which achieve better frequency resolution [23] . Mathematically, the first decomposition of DWT can be written as:
where Zlow and Zhigh are the approximation and detail coefficients, respectively; x[k] is the input EMG signal; L is the length of signal; and h [.] and g [.] are the high pass and low pass filters, respectively. According to the literature, DWT at the fourth decomposition level can provide promising results regarding EMG pattern recognition [2] . Hence, DWT at the fourth decomposition level was employed in this work. Figure 2 illustrates the procedure of wavelet decomposition at the fourth decomposition level. Initially, the EMG signal is decomposed into A1 and D1. At the second decomposition level, A1 is further decomposed into A2 and D2. In the process of decomposition, DWT halves the number of samples and doubles the frequency resolution [24] . The decomposition process is continued until the desired level is reached. For every decomposition level, the signal is sub-sampled by a factor of two. One of the major drawbacks of DWT is the mother wavelet selection. To achieve the optimal performance, eight commonly used mother wavelets including Bior2.2, Bior4.4, Coif4, Coif5, Db4, Db6, Sym4, and Sym6 were investigated. The experimental data showed that the best classification performance was achieved by Db6. For this reason, DWT with Db6 was applied in the rest of this work. To obtain valuable information from the wavelet coefficients, five popular features including mean absolute value, wavelength, root mean square, maximum fractal length, and average power were extracted. Note that the features were extracted from each detail and approximation since we did not know the best sub-band (frequency band) in DWT.
Mean Absolute Value
Mean absolute value (MAV) is one of the popular EMG features that have been widely applied in EMG pattern recognition. MAV is defined as the average of absolute signal value, and it can be expressed as [25] : To obtain valuable information from the wavelet coefficients, five popular features including mean absolute value, wavelength, root mean square, maximum fractal length, and average power were extracted. Note that the features were extracted from each detail and approximation since we did not know the best sub-band (frequency band) in DWT. Mean absolute value (MAV) is one of the popular EMG features that have been widely applied in EMG pattern recognition. MAV is defined as the average of absolute signal value, and it can be expressed as [25] :
where Z n is the wavelet coefficient and L is the total length of coefficient.
Wavelength
Wavelength (WL) is a frequently used EMG feature, which represents the cumulative length of waveform over time. WL can be formulated as [26] :
Root Mean Square
Root mean square (RMS) is a feature that describes the muscle force and non-fatigue contraction [27] . RMS can be represented as:
Maximum Fractal Length
Maximum fractal length (MFL) is a recent EMG feature used to measure the activation of low-level muscle contraction [28] . Mathematically, MFL can be defined as:
where Z n is the wavelet coefficient and L is the length of coefficient.
Average Power
Average Power (AP) of wavelet coefficient is one of the statistical features for measuring energy distribution, and it can be calculated as [24] :
Binary Particle Swarm Optimization
Binary particle swarm optimization (BPSO) is a swarm intelligent method developed by Kennedy and Eberhart in 1997 [29] . In BPSO, particles (solutions) are moving in the binary variables by flipping the number of bits (either 1 or 0). The new particle position is greatly influenced by the velocity. At each iteration, the velocity of each particle is updated as shown in Equation (8) .
where v is the velocity; w is the inertia weight; c 1 and c 2 are cognitive and social learning vectors, respectively; r 1 and r 2 are two independent random vectors in [0,1]; X is the solution; pbest is the personal best solution; gbest is the global best solution for the entire population; i is the order; d is the dimension of search space; and t is the number of iteration. If the velocity of a particle exceeds the maximum velocity V max , then the velocity is limited to V max . In our case, the V max and V min are set at 6 and -6, respectively [12] . For BPSO, the velocity is converted into the probability value using the sigmoid function as shown in Equation (9) .
The new position of a particle is updated based on the probability value as follow:
where r 3 is a random number distributed between 0 and 1. According to the literature, a dynamic inertia weight that balances the exploration and exploitation leads to better performance [30] . In this study, the inertia weight linearly decreased from 0.9 to 0.4 as shown in Equation (11).
where w max and w min are the bounds on inertia weight, t is the number of iteration, and T max is the maximum number of iteration. The w max and w min were fixed at 0.9 and 0.4, respectively. Initially, a larger number of inertia weight ensures high exploration. At the final iteration, a smaller inertia weight promotes exploitation. Algorithm 1 demonstrates the pseudocode of BPSO. In the first step, the initial population of particles was randomly initialized. Then, the fitness of each particle was evaluated and the pbest and gbest were set. In every iteration, the inertia weight was computed as shown in Equation (11). For each particle, the velocity, and position were updated using Equations (8), (9), and (10), respectively. Next, the fitness of new particles was evaluated, and the pbest and gbest were updated. The algorithm was repeated until the maximum number of iterations was reached. Finally, the global best solution was selected as the optimal feature subset.
Genetic Algorithm
Genetic algorithm (GA) is an evolutionary algorithm that has been widely used to solve optimization problems. GA is inspired from the genetic sciences and it is also known as a biology system [13] . In a biology theorem, strong ones have higher opportunity to pass their genes to their children in future generation [31] . Recently, GA received a lot of attentions in the field of feature selection since it does not make use of any formula in the computation. In GA, a solution namely chromosome, which is made up of binary numbers of genes. For example, X = {0,1,0,1,1,0,0,0,0,0}, where a chromosome X consists of ten genes in binary form. As shown in the chromosome, bit 1 means the feature is selected; where as, bit 0 represents the unselected feature. In feature selection, the number of genes is the same as D, where D is the number of features. The operation of GA is described as follow:
First, an initial population with a collection of chromosomes is randomly generated. After that, the fitness of each chromosome is evaluated. Generally, GA consists of three main operators; parent selection, crossover, and mutation. For parent selection, the roulette wheel selection method is employed. Roulette wheel selection chooses two parents based on the probability calculated from the fitness value. In other words, a chromosome with better fitness value has a higher probability to be chosen as a parent. Next, the crossover is performed between two selected parents. An example of crossover is shown in Figure 3a . Applying crossover allows the two newly generated children (offspring) to inherit genes from both parents.
Algorithm 1. Binary Particle Swarm Optimization (1)
Begin, initialize the parameters, N, T max , c 1 , c 2 , v max , v min (2) Initialize a population of particles, X (3)
Evaluate fitness of particles, F(X) (4)
Set pbest and gbest (5) for t = 1 to maximum number of iteration, T max (6) Compute the inertia weight w as in Equation (11) (7) for i = 1 to number of particles, N (8)
Update the velocity of particle, v t+1 id using Equation (8) (10) Convert the velocity into probability value as in Equation (9) (11) Update the position of particle, X t+1 id using Equation (10) (12) next d (13) Evaluate fitness of new particle, F(X t+1 i ) (14) next i (15) Update the pbest and gbest the number of genes is the same as D, where D is the number of features. The operation of GA is described as follow: First, an initial population with a collection of chromosomes is randomly generated. After that, the fitness of each chromosome is evaluated. Generally, GA consists of three main operators; parent selection, crossover, and mutation. For parent selection, the roulette wheel selection method is employed. Roulette wheel selection chooses two parents based on the probability calculated from the fitness value. In other words, a chromosome with better fitness value has a higher probability to be chosen as a parent. Next, the crossover is performed between two selected parents. An example of crossover is shown in Figure 3a . Applying crossover allows the two newly generated children (offspring) to inherit genes from both parents. Furthermore, a mutation operator mutates the gene of the children based on the mutation rate, MR. The mutation rate indicates the probability of a gene (feature) to flip from bit 1 to 0 or bit 0 to 1. An example of mutation was shown in Figure 3b . In the next step, the fitness of a newly generated population is evaluated. Then, the newly generated population is added into the current population. The merged population is sorted according to the fitness value. The best N chromosomes are then selected for the next generation while the rest are eliminated. The algorithm is repeated until the maximum number of iterations is reached. Ultimately, the global best chromosome is selected as the optimal feature subset. The pseudocode of GA is demonstrated in Algorithm 2. for i =1 to number of crossovers 7)
Select 2 parents using roulette wheel selection 8)
Generate 2 children by applying crossover between 2 parents 9) next i Furthermore, a mutation operator mutates the gene of the children based on the mutation rate, MR. The mutation rate indicates the probability of a gene (feature) to flip from bit 1 to 0 or bit 0 to 1. An example of mutation was shown in Figure 3b . In the next step, the fitness of a newly generated population is evaluated. Then, the newly generated population is added into the current population. The merged population is sorted according to the fitness value. The best N chromosomes are then selected for the next generation while the rest are eliminated. The algorithm is repeated until the maximum number of iterations is reached. Ultimately, the global best chromosome is selected as the optimal feature subset. The pseudocode of GA is demonstrated in Algorithm 2. Begin, initialize the parameters, N, T max , CR, MR (2) Initialize a population of chromosomes, X (3)
Evaluate fitness of chromosomes, F(X) (4) Set Z as the best chromosome (5) for t = 1 to maximum number of generation, T max (6) for i = 1 to number of crossovers (7) Select 2 parents using roulette wheel selection (8) Generate 2 children by applying crossover between 2 parents (9) next i (10) for j = 1 to twice number of crossover (11) Mutate the child based on the mutation rate, MR (12) next j (13) Evaluate the fitness of newly generated children (14) Add newly generated children into current population (15) Rank the population and select the best N chromosomes (16) Update Z if there is better chromosome in the population (17) next t
Binary Differential Evolution
Differential evolution (DE) was developed by Storn and Price to solve numerical optimization problems [32] . Consequently, DE was designed to solve the continuous optimization problem, but not to feature selection. Hence, a binary version of DE is required to tackle the feature selection problem. Recently, a binary differential evolution (BDE) was proposed to solve the feature selection problem [33] . Similar to DE, BDE is comprised of mutation, crossover, and selection operators. In the mutation process, three vectors X k1 , X k2 , and X k3 are randomly selected from the population for each vector X i . It is worth noting that k 1 = k 2 = k 3 = i. To obtain the difference between the selected vectors, the difference vector is computed as follow:
The mutant vector is then calculated as shown in Equation (13) .
where i is the vector order, and d is the dimension of search space. For crossover operation, the trial vector U is generated as follow:
where X is the vector, d rand is a random selected number in the range [1,D] , i is the order, d is the dimension of search space, and CR is a constant crossover rate in [0,1]. In the selection process, if the fitness value of a trial vector is better than the current vector, then the current vector will be replaced. Otherwise, the current vector is kept for the next generation. Algorithm 3 illustrates the pseudocode of BDE. First, the population of vectors was randomly initialized. Second, the fitness of each vector was evaluated. For each vector, the mutation and crossover operations were computed using Equations (13) and (14), respectively. As a result, a new trial vector is generated. Next, a greedy selection is applied between the trial and current vectors, and the fittest is kept for the next generation. The algorithm is repeated until the maximum number of iteration is reached. Finally, the global best vector is selected as the best feature subset.
Algorithm 3. Binary Differential Evolution (1)
Begin, initialize the parameters, N, T max , CR (2) Initialize a population of vectors, X (3)
Evaluate fitness of vectors, F(X) (4) Set Z as the best vector (5) for t = 1 to maximum number of generation, T max (6) for i = 1 to number of vectors, N (7)
Randomly choose, k 1 , k 2 and k 3 from N, note that
Compute mutant vector using the Equations (12) and (13), respectively (11) Generate trial vector by applying the crossover as in Equation (14) (12) next d (13) Evaluate fitness of trial vector, F(U i ) (14) Perform greedy selection between vector X t i and trial vector (15) next i (16) Update Z if there is better vector in the population (17) next t
Pbest Guide Binary Particle Swarm Optimization
As a matter of fact, BPSO suffers from premature convergence and is easily getting trapped in the local optimum [34] . Therefore, a new Pbest-guide binary particle swarm optimization (PBPSO) is proposed to enhance the performance of BPSO in this work. Unlike the other BPSO variants, PBPSO introduces a new pbest guide strategy to improve local and global search capabilities. PBPSO aims to enhance the personal best solution pbest for guiding the particle to move toward the global optimum. When pbest is more likely to fall into the local optimal, pbest guide mechanisms will activate and enhance the pbest. With the powerful pbest guide mechanism, PBPSO has the capability of jumping out from the local optimum.
Velocity and Position Update
Like BPSO, the position and velocity updating rules of PBPSO are guided by the pbest and gbest. In PBPSO, the velocity of a particle is updated as shown in Equation (15) .
The velocity is then converted into the probability value using a modified sigmoid function as follow:
The new position of a particle is updated as shown in Equation (17) .
where r 5 is a random vector in [0,1]. In BPSO, if the fitness value of a new particle X i is better, then the position of pbest i is updated. This updating mechanism can be formulated as:
where t is the number of iteration, F(.) is the fitness function, X and pbest are the solution and personal best solution at i order in the population, respectively. Iteratively, the particle is moving toward pbest and gbest in the position update. This way, the pbest becomes, or nearly is the same as gbest. This, in turn, will lead to premature convergence and low diversity [16, 35] . To resolve this issue, a pbest guide strategy is introduced. In PBPSO, a counter Pcount is given for each pbest with the initial value of zero. In every iteration, if the fitness value of pbest does not improve, then the Pcount is increased by one. On the contrary, the Pcount is reset to zero if the pbest has been evolved. After velocity and position updates, there is a pbest enhancement process. Pbest enhancement aims to improve the position of pbest if the stagnation in pbest is found. Consequently, if the Pcount is more than or equal to 2, then the pbest is more likely to be stuck in the local optimum. To avoid the PBPSO from suffering premature convergence, the mutation, crossover, and selection operators borrowed from the BDE algorithm were used to enhance the pbest if it did not improve continuously for two iterations.
Dynamic Crossover Rate
In PBPSO, the mutation, crossover, and selection operators were implemented. Since the crossover operator was used in PBPSO, there was an additional parameter, crossover rate CR that needed tuning. Instead of using a constant CR, we applied a dynamic crossover rate in PBPSO as shown in Equation (19) . (19) where t is the number of iteration and T max is the maximum number of iteration. As seen in Equation (19) , CR linearly decreased from 0.9 to 0. Initially, a larger CR allows more dimensions to be copied from the mutant vector. This in turn will improve the exploration behavior. As the time (iteration) passes, a smaller CR tends to promote local search around the best solution, which ensures high exploitation. In other words, PBPSO utilizes the dynamic crossover rate to balance the exploration and exploitation during the pbest enhancement process. Algorithm 4 displays the pseudocode of PBPSO. Like BPSO, the initial population of PBPSO was randomly initialized (either 1 or 0). Then, the fitness of each particle was evaluated. The current population is known to be pbest and the best particle is set as gbest. In each iteration, the crossover rate was computed as shown in Equation (19) . For each particle, the velocity and position were updated using Equations (15), (16) , and (17), respectively. The fitness of each new particle was then evaluated. The pbest and gbest were then updated. If the pbest did not improve, then Pcount was increased by one; otherwise, Pcount was reset to zero. Furthermore, there is an additional pbest enhancement process. If stagnation in pbest was found, then the mutation, crossover, and selection operators (from BDE algorithm) were employed to enhance the quality of pbest. The algorithm was repeated until the maximum number of iteration was reached. In the final step, the global best solution was chosen as the optimal feature subset. Begin, initialize the parameters, N, T max , w, c 1 , c 2 , v max , v min (2) Initialize a population of particles, X (3)
Evaluate fitness of particles, F(X) (4) Set pbest and gbest, initialize Pcount with zero (5) for t = 1 to maximum number of iteration, T max (6) Compute the crossover rate using Equation (19) (7) for i = 1 to number of particles, N // Velocity and Position Update // (8)
Update the velocity of particle, v t+1 id using E Equation. (15) (10) Convert the velocity into probability value as in Equation (16) (11) Update the position of particle, X t+1 id using Equation (17) (12) next d (13) Evaluate fitness of new particle, F(X t+1 i ) // Pbest and Gbest Update // (14)
Update the pbest i and gbest (15) if pbest i does not improve, then (16) Increase Pcount i by 1 (17) else (18) Reset Pcount i to 0 (19) end if (20) next i // Pbest Enhancement Strategy // (21) for i = 1 to number of particles, N (22) if Pcount i is more than or equal to 2, then (23) Reset Pcount i to 0 (24) Generate pbest i new using mutation, crossover and selection (from BDE algorithm) (25) Update gbest (26) end if (27) next i (28) next t
Proposed PBPSO for Feature Selection
Feature selection is an important step in the data mining process. Let E be an EMG dataset with I × D matrix, where I is the number of instances and D is number of features. For feature selection, our goal was to achieve m features from the original dataset E, where m < D. In the feature selection problem, the bit 1 represents the selected feature whereas the bit 0 denotes the unselected feature. For example, given a population X as below: It shows that X has the population size of four with 10 dimensions. For the first solution, it is observed that the 1st, 2nd, and 10th features were selected. On one hand, 4th, 5th, 7th, and 8th features were selected in the second solution. Figure 4 illustrates the flowchart of PBPSO for feature selection. Initially, DWT decomposed the EMG signals into details and approximations. The features were extracted from each detail and approximation to form a feature vector. The DWT feature set was then fed into the proposed PBPSO for feature selection. In PBPSO, the initial solutions were randomized (either 1 or 0). For each iteration, the initial solutions were evolved according to the position and velocity updates. These solutions were guided by pbest and gbest to move toward the global optimum. If the pbest was more likely to fall into the local optimum, the pbest enhancement mechanism would be activated to improve the quality of pbest. In the process of fitness evaluation, k-nearest neighbor (KNN) with Euclidean distance and k = 1 is used as the learning algorithm. KNN is selected because it usually offers promising performance with lower computational cost. Compared to other classifiers, KNN is simpler, faster, and is more easily implemented [36] . In this work, the classification error rate obtained by KNN was used for fitness calculation. It is worth noting that in the process of selection, pbest and gbest update, if the solutions resulted in the same value of fitness, then the solution with the smaller number of features was selected. At the end of iteration, the solution (gbest) that yielded the lowest error rate was chosen as the optimal feature subset. 
It shows that X has the population size of four with 10 dimensions. For the first solution, it is observed that the 1 st , 2 nd , and 10 th features were selected. On one hand, 4 th , 5 th , 7 th , and 8 th features were selected in the second solution. 
Results
Remarkably, DWT decomposes the EMG signal into wavelet coefficients (four details and four approximations). Five features are then extracted from each detail and approximation. In total, 480 features (5 features × 8 coefficients × 12 channels) are extracted from each movement from each subject. To avoid numerical problems, the features are normalized in the range between 0 and 1. Recently, we have proposed a modified binary tree growth algorithm (MBTGA) for tackling the feature selection task. It is observed that MBTGA can provide satisfactory classification results in EMG signals classification [15] . Hence, it is interesting to know whether MBTGA can achieve promising performance using the amputee dataset. Note that the classification error rate computed by KNN is used as the fitness function for MBTGA, which is similar to BDE, GA, BPSO, and PBPSO in this work.
In this paper, five feature selection methods including BPSO, GA, BDE, MBTGA, and PBPSO were applied to select the most informative feature subset. According to [22] , the first, third, fourth, and sixth repetitions were used to train, while the remaining second and fifth repetitions were used for the testing set. For fair comparison, the population size and maximum number of iteration were fixed at 30 and 100, respectively. The parameter setting is explained as follows: for BPSO, the cognitive and social learning factors C 1 and C 2 were set at 2 [12] . For BDE, the crossover rate CR was fixed at 1 [33] . For GA, the crossover and mutation rates were set at 0.6 and 0.001, respectively [37] . For MBTGA, the number of first group N 1 , number of second group N 2 , and number of fourth group N 4 were set at 10, 15, and 10, respectively [15] . For PBPSO, the C 1 and C 2 were set at 2, and the inertia weight w was set at 0.9. Note that each feature selection method was executed for 20 runs with different random seed.
To investigate the performance of the proposed method, five statistical parameters including classification accuracy, feature reduction rate (FR), precision (P), F-measure, and Matthew correlation coefficient (MCC) were measured. These parameters are calculated as follows [38] [39] [40] [41] :
No. correctly classi f ied samples Total number o f samples k × 100 (20)
where K is the number of classes, |S| is the number of original features, |R| is the number of selected features, TP, TN, FP and FN are the true positive, true negative, false positive, and false negative, respectively, which can be obtained from the confusion matrix. The average results of 20 different runs were calculated and compared. All the analysis was done using Matlab 9.3. Figure 5 illustrates the convergence curve of five different feature selection methods for 11 amputee subjects. In Figure 5 , the average fitness is defined as the average of fitness value obtained from 20 different runs. For most subjects, BDE, GA, MBTGA, and BPSO converged faster but without acceleration. This implies that the algorithms are being trapped in the local optimum, thus resulting in poor classification performance. Figure 5 shows that MBTGA did not offer the best performance in this work. However, MBTGA overtook GA, BPSO, and BDE on amputee subjects 1, 2, 6, 8, and 9. On one hand, PBPSO was shown to have very good diversity. Owing to the pbest guide strategy, PBPSO enhanced the quality of pbest if stagnation in pbest was found. This way, PBPSO kept tracking for the global optimum, thus leading to better performance. Overall, it can be inferred that PBPSO is superior to BPSO, BDE, MBTGA, and GA. Figure 5 illustrates the convergence curve of five different feature selection methods for 11 amputee subjects. In Figure 5 , the average fitness is defined as the average of fitness value obtained from 20 different runs. For most subjects, BDE, GA, MBTGA, and BPSO converged faster but without acceleration. This implies that the algorithms are being trapped in the local optimum, thus resulting in poor classification performance. Figure 5 shows that MBTGA did not offer the best performance in this work. However, MBTGA overtook GA, BPSO, and BDE on amputee subjects 1, 2, 6, 8, and 9. On one hand, PBPSO was shown to have very good diversity. Owing to the pbest guide strategy, PBPSO enhanced the quality of pbest if stagnation in pbest was found. This way, PBPSO kept tracking for the global optimum, thus leading to better performance. Overall, it can be inferred that PBPSO is superior to BPSO, BDE, MBTGA, and GA. Figure 6 demonstrates the classification accuracy of five different feature selection methods for 11 amputee subjects. BDE yielded the lowest classification performance in this work, mainly due to the fact that BDE does not select the relevant features properly, thus misleading the classification results. From Figure 6 , PBPSO provided the highest classification accuracy for all amputee subjects. By applying PBPSO, the classification accuracy showed great improvement compared to BDE, GA, MBTGA, and BPSO. For example, amputee subject 5 showed an increment of more than 20% in accuracy, allowing more accurate recognition of hand motions. Obviously, PBPSO outperformed BPSO, BDE, MBTGA, and GA in evaluating the optimal feature subset. Figure 6 demonstrates the classification accuracy of five different feature selection methods for 11 amputee subjects. BDE yielded the lowest classification performance in this work, mainly due to the fact that BDE does not select the relevant features properly, thus misleading the classification results. From Figure 6 , PBPSO provided the highest classification accuracy for all amputee subjects. By applying PBPSO, the classification accuracy showed great improvement compared to BDE, GA, MBTGA, and BPSO. For example, amputee subject 5 showed an increment of more than 20% in accuracy, allowing more accurate recognition of hand motions. Obviously, PBPSO outperformed BPSO, BDE, MBTGA, and GA in evaluating the optimal feature subset.
Experimental Results
On average across all amputee subjects, PBPSO achieved a mean classification accuracy of 85.20%, followed by GA at 75.64%. Surprisingly, GA achieved better classification performance than BPSO and MBTGA. It is clear that GA offers better performance for high dimensional datasets. In terms of consistency, the performance of PBPSO was more robust due to the smallest standard deviation value. For instance, the t-test was applied to measure the classification performance of the proposed PBPSO against BDE, GA, MBTGA, and BPSO across 11 subjects. Applying the t-test showed that there was a significant difference in classification performance in PBPSO versus BDE (p < 0.05), PBPSO versus GA (p < 0.05), PBPSO versus MBTGA (p < 0.05), and PBPSO versus BPSO (p < 0.05). This again validated the superiority of PBPSO in feature selection. Table 1 displays the results of feature size and feature reduction rate (FR) of five different feature selection methods. In Table 1 , a higher FR means more features have been eliminated. In contrast, a smaller FR indicates that more features have been selected. By employing feature selection, one can see that less than half of the features were more than enough for accurate EMG signals classification. The experimental results confirmed a proper selection of features not only reduced the number of features, but also enhanced the classification performance. From Table 1 , PBPSO achieved the smallest feature size and largest FR for all amputee subjects. This implies that PBPSO is very effective at selecting relevant features. Instead of using all 480 features, PBPSO offered a feature subset of 9 to 36 features in achieving promising result. Compared to BPSO, BDE, MBTGA, and GA, PBPSO yielded the lowest mean feature size (13.96) and highest mean FR (0.9690). With the smallest number of selected features, PBPSO contributed the lowest complexity in the classification process. All in all, PBPSO is very good in dimensionality reduction.
On average across all amputee subjects, PBPSO achieved a mean classification accuracy of 85.20%, followed by GA at 75.64%. Surprisingly, GA achieved better classification performance than BPSO and MBTGA. It is clear that GA offers better performance for high dimensional datasets. In terms of consistency, the performance of PBPSO was more robust due to the smallest standard deviation value. For instance, the t-test was applied to measure the classification performance of the proposed PBPSO against BDE, GA, MBTGA, and BPSO across 11 subjects. Applying the t-test showed that there was a significant difference in classification performance in PBPSO versus BDE (p <0.05), PBPSO versus GA (p <0.05), PBPSO versus MBTGA (p <0.05), and PBPSO versus BPSO (p <0.05). This again validated the superiority of PBPSO in feature selection. Table 1 displays the results of feature size and feature reduction rate (FR) of five different feature selection methods. In Table 1 , a higher FR means more features have been eliminated. In contrast, a smaller FR indicates that more features have been selected. By employing feature selection, one can see that less than half of the features were more than enough for accurate EMG signals classification. The experimental results confirmed a proper selection of features not only reduced the number of features, but also enhanced the classification performance. From Table 1 , PBPSO achieved the smallest feature size and largest FR for all amputee subjects. This implies that PBPSO is very effective at selecting relevant features. Instead of using all 480 features, PBPSO offered a feature subset of 9 to 36 features in achieving promising result. Compared to BPSO, BDE, MBTGA, and GA, PBPSO yielded the lowest mean feature size (13.96) and highest mean FR (0.9690). With the smallest number of selected features, PBPSO contributed the lowest complexity in the classification process. All in all, PBPSO is very good in dimensionality reduction. Tables 2 and 3 outline the results of precision, F-measure, and MCC values. These tables show that PBPSO scored the highest precision, F-measure, and MCC across the 11 amputee subjects. The experimental results demonstrated the superiority of PBPSO in both classification performance and feature reduction. On the other hand, the feature selection method that contributed the worst performance was found to be BDE. According to the findings, PBPSO was more appropriate for use in solving the feature selection problem in EMG signals classification. Figure 7 demonstrates the overall confusion matrix of five different feature selection methods across 11 amputee subjects. The x-axis and y-axis indicate the type of hand motions (from class 1 to class 17). It is highly difficult to recognize the hand motions performed by the amputee subjects accurately, mainly due to the fact that amputees performed the hand motions according to their imagination, thus misleading the classification result. Figure 7 shows that the worst class-wise performance was found to be BDE. In BDE, only the 1st, 4th, 9th, and 14th hand motion types (accuracy higher than 80%) were well classified. On the other side, GA and BPSO, respectively obtained the class-wise accuracy of above 80% for seven and six hand motion types. With regard to MBTGA, six out of seventeen hand motion types had their class-wise accuracy higher than 80%. Inspecting the result showed that the best class-wise performance was achieved by PBPSO. Employing PBPSO resulted in fifteen out of seventeen hand motion types being well recognized. In other words, PBPSO only failed to recognize the 11th (79.14%) and 12th (77.13%) hand motions. Altogether, PBPSO contributed the most informative feature subset, offering the best class-wise performance in this work.
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Discussions
In the present study, a new pbest guide binary particle swarm optimization (PBPSO) is proposed to tackle the feature selection problem in EMG signals classification. Inspecting the results showed that PBPSO is the best feature selection method in this work. PBPSO achieves the highest classification performance while keeping the smallest number of features. Compared to BPSO, BDE, MBTGA, and GA, PBPSO eliminates more than 90% of features in the process of feature evaluation. More specifically, PBPSO is excellent in feature reduction. It can select a very small number of relevant features that contribute the most to the classification model. In this context, PBPSO is highly efficient in solving high dimensional feature selection problems.
The following observations explain the aspects of how PBPSO overtakes other algorithms in feature selection. Unlike BPSO, PBPSO employs a pbest guide strategy for guiding the particle to move toward the global optimum. The pbest enhancement process enables the pbest to evolve itself, which in turn will improve local and global search capabilities. More specifically, a high quality pbest is used in both velocity and position updates, thus leading to very good diversity. Hence, PBPSO has the capability of preventing the pbest from being trapped in the local optimum.
In the pbest enhancement process, the mutation, crossover, and selection operators borrowed from BDE algorithm are applied to improve the quality of pbest. Unlike BDE, PBPSO utilizes a dynamic crossover rate, which aims to balance the exploration and exploitation in the enhancement process. In the beginning, a greater CR leads to higher exploration. In contrast, a smaller CR guarantees exploitation in the end of the iteration. All in all, a dynamic crossover rate improves the 
In the pbest enhancement process, the mutation, crossover, and selection operators borrowed from BDE algorithm are applied to improve the quality of pbest. Unlike BDE, PBPSO utilizes a dynamic crossover rate, which aims to balance the exploration and exploitation in the enhancement process. In the beginning, a greater CR leads to higher exploration. In contrast, a smaller CR guarantees exploitation in the end of the iteration. All in all, a dynamic crossover rate improves the search ability, while increasing the diversity of PBPSO. By making full use of these mechanisms, and the modified sigmoid function, PBPSO overtakes GA, BDE, MBTGA, and BPSO in this work.
Furthermore, it shows that the performance of amputee subjects can be improved with feature selection. Especially for subject 5, 7, and 10 who yielded a very low classification accuracy in the experiment. Applying PBPSO showed that those subjects can have better control on myoelectric prosthesis (with accuracy more than 60%), thus allowing them to perform more accurate motions in their daily life. In addition, PBPSO can be applied without prior knowledge. Eventually, PBPSO will automatically select the most informative features which consider the best combination of both channel and frequency bands (DWT). Since the EMG signal is subject-independent, therefore, PBPSO is more appropriate for use in clinical and rehabilitation applications.
There are several limitations to this work. First, we only apply DWT for feature extraction process. Other powerful and popular time-frequency methods such as stationary wavelet transform (SWT) can be considered for feature extraction. In a past study, the SWT entropy was introduced by Zhang et al. [42] for texture feature extraction in Alzheimer's disease diagnosis system. Second, PBPSO requires extra computational cost compared to BPSO. When stagnation in pbest is found (Pcount >= 2), the pbest enhancement strategy (mutation, crossover, and selection operations) are activated to enhance the quality of pbest. This in turn will improve the computational complexity of the algorithm. Third, only KNN is used as the learning algorithm in this study. Other popular classifiers such as convolutional neural network (CNN) and support vector machine (SVM) can also be implemented, but with extremely high computational cost.
Conclusions
Selecting optimal EMG features, and the best combination between features and channels are the challenging problems, especially with regard to amputee dataset. Therefore, we propose a new PBPSO in this study to solve the feature selection problem in EMG signals classification. PBPSO is an improved version of BPSO that utilizes the pbest guide strategy to enhance the quality of pbest during the searching process. In addition, a dynamic crossover rate is implemented to balance the exploration and exploitation. Fully utilizing these mechanisms allows PBPSO to achieve very high classification performance with a minimal number of features. Based on the results obtained, PBPSO outperformed BDE, GA, MBTGA, and BPSO on 11 amputee datasets. The major advantages of PBPSO are that it is robust to complex feature set, and it works properly on feature reduction. On the other hand, it is observed that MBTGA provided competitive results on amputee dataset. However, the performance of MBTGA is still far from perfect. One of the possible reasons is that MBTGA was getting trapped in the local optimum, thus resulting in low classification accuracy. Even though MBTGA can offer promising result on healthy subjects, its effectiveness has been reduced using amputee dataset. These findings highlight that there is no optimal feature selection method that can solve all feature selection problems effectively, which is in accordance with the NFL theorem. Hence, more and more new feature selection methods are preferred for future work.
More research is required for both theoretical and practical aspects of the proposed method. In PBPSO, it is noticed that the best position of a particle is guided by pbest and gbest. However, PBPSO is more likely to be guided by pbest due its guide strategy in the searching process. Hence, the cognitive learning factor C 1 in PBPSO can be increased since pbest has more influence compared to gbest. Moreover, popular strategies such as chaotic map and Levy distribution can be implemented in PBPSO for future extension of this work. 
